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A major challenge in computational protein design is
to identify functional sequences as top predictions.
One reason for design failures is conformational
plasticity, as proteins frequently change their confor-
mation in response to mutations. To advance protein
design, here we describe a method employing flexi-
ble backbone ensembles to predict sequences toler-
ated for a protein-protein interface. We show that the
predictions are enriched in functional proteins when
compared to a phage display screen quantitatively
mapping the energy landscape for the interaction be-
tween human growth hormone and its receptor. Our
model for structural plasticity is inspired by coupled
side chain-backbone ‘‘backrub’’ motions observed
in high-resolution protein crystal structures. Al-
though the modeled structural changes are subtle,
our results on predicting sequence plasticity suggest
that backrub samplingmay capture a sizable fraction
of localized conformational changes that occur in
proteins. The described method has implications
for predicting sequence libraries to enable challeng-
ing protein engineering problems.
INTRODUCTION
Sequences of naturally occurring proteins show a remarkable ro-
bustness (neutrality) to mutations within a sizable ‘‘tolerated’’ se-
quence space, where many diverse sequence solutions are
compatible with a given fold (Koehl and Levitt, 2002; Taverna
and Goldstein, 2002). This initial robustness (Wagner, 2005)
may help evolve new function (Aharoni et al., 2005), as sequence
positions able to accommodate different amino acid residue
types may be exploited to alter protein functionality. There is
thus considerable interest in computational models describing
the tolerated sequence space for a given protein fold and/or
function, both to advance fundamental understanding of struc-
ture-function relationships (Pokala and Handel, 2001; Xia and
Levitt, 2004) and to engineer proteins with new properties (But-
terfoss and Kuhlman, 2006).Structure 16, 1777–17Computational protein design methods which seek to identify
low-energy sequences consistent with a target structure or inter-
action (Ponder and Richards, 1987; Dahiyat and Mayo, 1997; Po-
kala and Handel, 2001; Kortemme and Baker, 2004) should in
principle be able to capture at least some of the tolerated se-
quence variation of proteins. Accordingly, several methods
have been developed to estimate the sequence space compat-
ible with a given protein fold (Ponder and Richards, 1987; Larson
et al., 2002; Saunders and Baker, 2005), but there are a number
of theoretical challenges in evaluating the performance of any
such method. Previous approaches have compared computa-
tional sequence predictions to multiple sequence alignments of
protein families (Koehl and Levitt, 1999, 2002; Kuhlman and
Baker, 2000; Dokholyan and Shakhnovich, 2001; Jaramillo
et al., 2002; Larson et al., 2002). However, evolved sequences
have likely not sampled all tolerated amino acid combinations
(Pal et al., 2006). In addition, it is often difficult to determine
whether given sequence positions have been under additional
functional constraints not directly accounted for by design
methodologies.
The ability to estimate tolerated sequence space also has
practical implications for the engineering of proteins with new
folds and functions. Despite several examples of computational
design successes, a reoccurring problem has been whether
functional sequences can reliably be identified as top predic-
tions. A promising approach to help overcome this problem
and increase the success rate of design is therefore to combine
computational predictions of the sequence space tolerated by
a given fold and/or function with experimental library selection
methods (Hayes et al., 2002; Treynor et al., 2007). This combined
strategy can be used to significantly reduce the sequence space
to be searched through experimentally. A key study showed that
a library of sequences computationally designed to be more sta-
ble was also enriched in functional proteins (Treynor et al., 2007).
This work suggests that computational methodologies can suc-
cessfully sample within the sequence space accessible to folded
proteins, but it did not consider an explicit measure of the extent
to which the full sequence space consistent with fold stability
and function can be predicted computationally.
Here we aim to more directly assess the accuracy of compu-
tational methods for predicting the tolerated sequence space of
folded and functional proteins. We make use of a recent study
that screened phage display libraries to quantitatively map the88, December 10, 2008 ª2008 Elsevier Ltd All rights reserved 1777
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Figure 1. Schematic of the Computational
Strategy for Predicting Interface Sequence
Tolerance Profiles
Amino acid profiles were generated independently
for each member of the ensemble by selecting for
each backbone sequence predicted to have Rosetta
‘‘binding’’ (across-chain) and ‘‘folding’’ (within-
chain) scores within a threshold score value of that
of native hGH-hGHR interface sequence (check
marks). Tolerance profiles over all members of the
ensemble were combined and sets of allowed (X.75 >
1%) and preferred (X.75 R 10%) amino acid resi-
dues were calculated for each interface position
(see black dotted lines and arrows). Note that this
protocol assumes independence of the interface po-
sitions (see main text).sequence space of human growth hormone (hGH) able to bind
human growth hormone receptor (hGHR) (Pal et al., 2006). This
data set has several important properties. First, the diversity of
sequences selected by phage display at this interface is consid-
erable, making it a nontrivial test case for capturing tolerated se-
quence space. Second, the experimental pressures assayed, to
fold and bind the receptor, can be directly mimicked computa-
tionally, without complications of other pressures acting on the
sequences of evolved proteins. Third, the extensive phage dis-
play screening data can be compared to design predictions to
assess the extent to which a hypothetical computational library
is enriched in functional members.
It has previously been shown that protein design methods that
neglect conformational adjustments, especially in cases where
the input backbone design template is kept rigid, may restrict
modeled sequence diversity. In contrast, models allowing for
conformational flexibility may broaden the sequence diversity
accessible by protein design (Larson et al., 2002; Ding and Do-
kholyan, 2006; Fu et al., 2007). Therefore, we chose to compare
computational predictions made using standard fixed backbone
simulations to those made using a model of conformational flex-
ibility (termed ‘‘backrub’’) inspired by coupled side chain-back-
bone motions observed in high-resolution crystal structures
(Davis et al., 2006; Smith and Kortemme, 2008).
We find good qualitative agreement between the tolerated se-
quence space observed experimentally at the hGH-hGHR inter-
face (Pal et al., 2006) and our flexible backbone predictions show
improvements over the fixed backbone protocol. Based on
these results, we suggest a flexible backbone computational
protocol to design protein libraries enriched in functional mem-
bers. Such a computational strategy of incorporating conforma-
tional flexibility and library design may broaden the use of
computational methods for difficult engineering tasks such as
constructing proteins with new functions.
RESULTS
Computational Strategy for Estimating the Tolerated
Sequence Space at Protein-Protein Interfaces
We set out to develop a computational model for predicting tol-
erance to amino acid substitutions at protein-protein interfaces.
Our overall computational strategy is illustrated in Figure 1 and
outlined below. We reasoned that we needed, at a minimum:
(1) a method to model local conformational changes (structural1778 Structure 16, 1777–1788, December 10, 2008 ª2008 Elsevier Lplasticity) that may result from sequence changes and binding
interactions, (2) an efficient way to search sequence space to-
gether with an easily computable folding and binding score for
each sequence sampled, and (3) a measure to select the set of
amino acid residues predicted to be tolerated at each interface
position and compatible with the protein-protein interaction.
We term these sets of amino acid residues a ‘‘tolerance profile’’
for each interface position. To test our computational strategy,
we compare the computationally generated tolerance profiles
to experimentally determined profiles (Pal et al., 2006) for each
of the 35 positions in the 1300 A2 hGH-hGHR site I interface
(Figure 2A).
As a model for structural plasticity (requirement 1), we mim-
icked backrub motions inspired by coupled side chain-back-
bone motions observed in high-resolution crystal structures
(Davis et al., 2006). Briefly, each backrub move consists of se-
lection of two residues (separated by 1 to 10 intervening resi-
dues) followed by a rigid rotation around the axis defined by
the two Ca atoms of the selected residues. Using these backrub
motions, we generated an ensemble of 100 near-native back-
bones for both chains in the hGH-hGHR complex (Figure 2B;
see Experimental Procedures). As intuitively expected, the larg-
est changes in Ca root-mean-square deviations (rmsd) in the
computationally generated hGH-hGHR ensemble occurred in
loops connecting secondary elements. Average per-residue B
factors calculated for the computationally generated ensemble
qualitatively reproduced experimental values for both hGH
(Figure 2C) and hGHR (Figure 2D) (see also Figure S1 available
online).
For sequence sampling and scoring (requirement 2), we chose
to use the program Rosetta for protein design (Kuhlman and
Baker, 2000). As a simplification, we performed design simula-
tions on each backbone in the ensemble independently (Fig-
ure 1). Amino acid residue choices for the 35 hGH interface po-
sitions were sampled on ensemble members by performing
several smaller independent simulations, each of which selected
five or six hGH interface positions to be targeted simultaneously
for ‘‘design’’ and allowed to sample any of the 20 naturally occur-
ring residues except cysteine (see Experimental Procedures).
This procedure directly mimicked the experimental phage dis-
play setup described in Pal et al. (2006) (see Experimental Proce-
dures) and allowed our protocol to more efficiently search the
large number of possible sequence combinations possible at
the hGH-hGHR interface.td All rights reserved
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Prediction of Interface Sequence DiversityFigure 2. Overview of the hGH-hGHR Inter-
face and the Computationally Generated
Backrub Ensemble
(A) Close-up of the 35 interface residues in the in-
terface of human growth hormone (hGH, blue)
with its receptor (hGHR, yellow).
(B–D) Superposition of the 100 computationally
generated backbones in the backrub ensemble.
Comparisons of the crystallographic B factors
(red) to the ensemble (black) for hGH and hGHR
are plotted in (C) and (D), respectively. Note that,
due to our backrub procedure holding chain end-
point residues rigid, ensemble B factors have not
been calculated for all residues within five consec-
utive positions of a chain break and/or endpoint.
Also note the differences in scales between
the crystallographic and calculated ensemble B
factors.During each simulation, initially random interface sequences
were scored by the Rosetta all-atom scoring function, which
has been shown to predict the changes in stability upon point
mutations in proteins and protein interfaces with reasonable ac-
curacy (Kortemme and Baker, 2002). Sequences with favorable
binding (across the hGH-hGHR interface) and folding (within the
hGH fold) scores were then propagated using a previously pub-
lished genetic algorithm (see Experimental Procedures for de-
tails) (Havranek and Harbury, 2003; Humphris and Kortemme,
2007). Sequences sampled at any point during a simulation
with both hGH-hGHR binding and hGH folding scores within
a threshold value (a tunable parameter set to 1% of the score
of the starting wild-type sequence for all data shown) were saved
and the frequency of appearance of each amino acid residue
type in the selected sequences was recorded for every interface
position (Figure 1). Profiles generated in this way for each back-
bone in the ensemble were then combined in boxplot format to
visualize amino acid tolerances shared by many backbones
(‘‘flexible backbone’’ protocol) and compared with boxplots of
100 independent simulations on the fixed, crystallographic
hGH-hGHR backbone (‘‘fixed backbone’’ protocol). (Note that
the procedure described here assumes independence of the in-
terface positions but can be extended to compute covariation in
designed sequences; see Discussion.)
To address requirement 3, we defined measures to quantify
which amino acid residues were predicted to be allowed at each
interface site and which interface sites were predicted to be
most tolerant (‘‘plastic’’) toamino acid substitutionoverall. We rea-
soned that subtle conformational changes in the hGH fold or at the
hGH-hGHR interface might result in tolerance to certain amino
acid types, and that the motions could vary depending on the in-
terface position and the amino acid substitution being considered.
Thus, we hypothesized that some subsets of pregenerated en-
semble members might be more or less appropriate for different
interface positions and/or amino acid residue substitutions. To al-
low for this variability, we ordered the frequency with which each
backbone member in the ensemble accepted a particular amino
acid substitution at each interface position and selected the top
25% of all predictions for each site (this is represented by the
X.75 value; see boxplots in Figure 1 and Experimental ProceduresStructure 16, 1777–178for details). Following this logic, we classified an amino acid resi-
due type to be ‘‘allowed’’ by the flexible backbone protocol at
a given interface position if it computationally appeared at a fre-
quency of >1% for each of the top 25% of ensemble backbone
members ‘‘best suited’’ for the substitution considered (X.75 >
1%; see Experimental Procedures; Figure 1). Similarly, an amino
acid residue type was considered allowed by the fixed backbone
protocol when it appeared with a frequency of >1% on 100 inde-
pendent design simulations on the crystallographic backbone.
Amino acid types at each interface position for which the X.75 value
wasR10% were considered to be ‘‘preferred’’ (see dotted lines
and arrows in Figure 1; Experimental Procedures).
Using these measures, we first show that both the flexible and
fixed backbone protocols can successfully explore the tolerated
sequence space at the model hGH-hGHR interface (Table 1;
Figure 3A). Second, we show that the flexible backbone protocol
is better able to discriminate interface sites that experimentally
showed near-equal tolerance to substitution with many amino
acid residues (plastic positions) from more ‘‘restricted’’ positions
where fewer amino acid residuesaccounted for the majority of the
sequences selected by phage display (Table 1). Third, for these
restricted positions, we show that the flexible backbone protocol
displays stronger qualitative (Figures 3B and 3C) and quantitative
(Figures 4B–4F; Table 1) agreement between computationally
predicted and experimentally observed sequence tolerance pro-
files. Further, we provide structural examples and suggest possi-
ble explanations for how modeled backbone conformations
might have resulted in improved predictions of tolerated se-
quences at several positions in the hGH-hGHR interface (Figure 5;
Figure S3). Finally, we show that a hypothetical design library
constructed by using our flexible backbone protocol would be
enriched over a naive library (consisting of residue types chemi-
cally similar to native; see Experimental Procedures) for generat-
ing folded hGH sequences that bind hGHR (Table 2; Figure 6).
Use of Near-Native Backbone Ensembles Improves the
Ability to Predict the Overall Tolerated Amino Acid
Sequence Space
We used the protocol summarized in Figure 1 to computationally
predict tolerance profiles for each of the 35 hGH interface8, December 10, 2008 ª2008 Elsevier Ltd All rights reserved 1779
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Prediction of Interface Sequence DiversityTable 1. Allowed and Preferred Amino Acid Sets at the 35 hGH-hGHR Interface Positions
Interface
Position
Allowed Amino Acid Residues Preferred Amino Acid Residuesa
Measured
DDGb
Number
% Occurrence
in Phage Sequences Number
% Occurrence
in Phage Sequences
Phage Flex Fixed Phage Flex Fixed Phage Flex Fixed Phage Flex Fixed
67T 8 8 7 - 85% 55% [4] [6] [5] [81%] [85%] [55%]
171D 8 6 13 - 61% 84% [5] [3] [2] [79%] [49%] [18%] +
176F 8 15 15 - 92% 92% [3] [5] 3 [74%] [86%] 69% + +
61P 9 8 10 - 73% 75% [1] [4] [7] [52%] [71%] [72%] +
178R 10 17 13 - 100% 97% [2] [5] [1] [80%] [68%] [19%] + +
183R 10 18 18 - 100% 100% [4] [4] 2 [79%] [2%] 0%
167R 11 16 17 - 94% 94% [2] [1] [1] [47%] [5%] [5%]
172K 11 12 11 - 97% 97% [4] [7] [4] [70%] [85%] [48%] + +
25F 12 16 16 - 96% 95% 5 [4] [3] 68% [50%] [47%]
179I 12 17 18 - 99% 100% [3] [5] 3 [66%] [59%] 51% +
60T 12 14 13 - 75% 75% [2] 8 3 [47%] 48% 50%
175T 12 14 15 - 100% 100% 4 7 2 61% 37% 10% + +
43S 13 18 18 - 99% 99% 3 - - 42% - -
46Q 13 15 14 - 71% 70% 4 6 4 44% 38% 30%
21H 14 13 15 - 87% 90% 3 [3] 4 50% [14%] 14%
45L 14 16 16 - 84% 90% [2] [5] 6 [46%] [62%] 65% +
64R 14 16 17 - 98% 98% 4 [4] 4 55% [43%] 43% + +
29Q 14 18 18 - 100% 100% 4 5 - 47% 30% -
44F 14 16 15 - 91% 88% 3 3 4 53% 44% 54%
47N 14 18 18 - 97% 97% 3 2 - 44% 24% -
66E 14 18 16 - 96% 78% 3 - - 41% - -
14M 15 18 18 - 100% 100% 2 2 1 37% 11% 3%
18H 15 18 18 - 100% 100% 3 4 1 38% 39% 17%
28Y 15 17 16 - 95% 87% 2 4 4 40% 38% 31%
41K 15 16 16 - 82% 82% 2 5 4 35% 42% 37%
62S 15 19 19 - 100% 100% 4 2 - 50% 19% -
63N 15 16 15 - 92% 82% 4 3 [1] 52% 18% [2%]
22Q 16 15 15 - 78% 78% 4 [3] [3] 51% [16%] [16%]
48P 16 17 10 - 86% 51% 3 [4] [4] 45% [33%] [10%]
65E 16 19 19 - 100% 100% 3 - - 50% - -
164Y 16 16 16 - 95% 95% 2 - - 29% - -
168K 17 16 15 - 84% 77% - 5 2 - 28% 15%
174E 17 18 16 - 100% 92% 3 2 4 34% 10% 30%
26D 18 18 18 - 100% 100% 1 - - 11% - -
42Y 18 18 18 - 100% 100% 1 [5] 3 10% [33%] 23%
Allowed 1039 1041 1041 100% 92% 89%
Preferred 1015 1017 1011 50% 40% 31%
[Restricted] 105 109 104 66% 48% 29%
For each of the 35 hGH-hGHR interface positions (column 1), the number of amino acids determined to be allowed (see Experimental Procedures) by
using either the experimental phage display sequences, the flexible backbone computational protocol, or the fixed backbone computation protocol
are shown in columns 2–4. The percentage of phage display sequences represented by these sets of allowed amino acids are given in columns 5–7.
Corresponding information for sets of amino acid residues selected as preferred is also shown (columns 8–13). Brackets indicate interface positions
identified by each method as ‘‘restricted.’’ Interface positions previously published as being hot (DDGALA-WT R 1.0 kcal/mol) and warm (0.4 <
DDGALA-WT < 1 kcal/mol) spots are also indicated (column 14). Combinatorial sizes shown in the last 3 rows represent the total number of unique
sequences if all combinations of allowed or preferred amino acid residue types were considered at all interface positions in a single library.
a Interface positions selected as restricted by each protocol are denoted by [ ].
b Experimental DDGWT-ALA values > 1.0 kcal/mol are denoted by + + and 0.4 < DDGWT-ALA < 1.0 kcal/mol by +.1780 Structure 16, 1777–1788, December 10, 2008 ª2008 Elsevier Ltd All rights reserved
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Prediction of Interface Sequence Diversitypositions examined in Pal et al. (2006). We first evaluated
whether our protocol was able to generate sufficient sequence
diversity to reflect the range seen experimentally. As the simplest
measure, we compared the number of amino acid residue types
experimentally observed at each interface position to the num-
ber computationally predicted with a small but observable fre-
A
B
C
Figure 3. Ability of Fixed and Flexible Backbone Computational Pro-
tocols to Map the Allowed and Preferred Amino Acid Space
The percentages of phage display sequences accounted for by amino acids
selected as allowed by the flexible (blue bars) and fixed (yellow diamonds)
protocols are shown for all 35 hHG-hGHR interface positions (A). Interface po-
sitions are sorted by the number of amino acid residues observed experimen-
tally (see Table 1). The percentage of sequences accounted for by the native
amino acid is denoted by gray bars. The frequency percentage of phage
display sequences accounted for by the preferred amino acid residues at po-
sitions selected as ‘‘restricted’’ by the flexible (blue bars) and fixed backbone
protocol (yellow bars) are shown in (B) and (C), respectively. Positions indi-
cated in red in (B) and (C) are classified as restricted using the experimental
phage display data. Hot spots and warm spots are denoted by stars, as
indicated.Structure 16, 1777–17quency (allowed residues; experimental frequency pi or compu-
tational measure X.75 > 1%; see Table 1). The percentage of the
experimental phage display sequences represented by the set
of allowed residues selected by each protocol is also given in
Table 1 and illustrated in Figure 3A.
Both flexible and fixed backbone protocols predicted sets of
allowed amino acid residues that effectively covered the exper-
imental sequence space for most of the 35 interface positions
(Figure 3A; blue, flexible protocol; yellow, fixed protocol). On
average, the fixed and flexible backbone protocols predicted
sets of allowed amino acids that represented 89% and 92%,
respectively, of the total phage display sequence space at
each position. Notably, this result was not due to simply predict-
ing all amino acid residue types to be allowed at all positions
(Table 1), nor was it due to an overabundance of the native amino
acid residue type in the phage display sequences (gray bars,
Figure 3A).
Although the flexible and fixed backbone protocols predicted
similar numbers of amino acid residues to be allowed at most in-
terface positions, there were improvements in predicting toler-
ated sequence space by using backbone ensembles at several
positions (see Table 1; compare blue bars and yellow diamonds,
Figure 3A). For most of these interface positions, the flexible
backbone protocol correctly selected one or more amino acid
residue types that occurred in the phage display sequences
but were not predicted as allowed by the fixed backbone proto-
col (several cases are discussed further below). In contrast, there
was only a single instance, position 171D, where the fixed back-
bone protocol appeared to be substantially closer to the exper-
imental data (Figure 3A). However, direct comparison of the tol-
erance profiles generated by the flexible and fixed protocols at
this position (Figure 4F, blue and yellow boxplots, respectively,
and experimental frequencies in red) shows that the flexible
backbone protocol in fact improves predictions for the two
amino acid residues most frequently observed experimentally
(serine and aspartate). In this instance, the apparent better
performance of the fixed backbone protocol is achieved at the
expense of an overall higher bias for amino acid residues not
observed experimentally.
Design on a Near-Native Conformational Ensemble
Improves the Ability to Discriminate between Restricted
and Plastic Positions
We next sought to evaluate the ability of the fixed and flexible
backbone protocols to identify small subsets of preferred amino
acid residue types from the total set of amino acid residue types
predicted to be allowed at each interface position. Table 1
shows, for each interface position, the number of preferred
amino acid residue types observed experimentally and pre-
dicted computationally by both fixed and flexible backbone pro-
tocols (defined to be those occurring with a pi or X.75 value R
10%, respectively).
The sets of amino acid residue types selected as preferred by
our computational protocols represented a significant reduction
over the total allowed combinatorial sequence space (see esti-
mates in last rows of Table 1). On average, three or four preferred
amino acid residue types were chosen at each interface site by
the flexible and fixed backbone protocols, accounting for 40%
and 31%, respectively, of the experimental phage display88, December 10, 2008 ª2008 Elsevier Ltd All rights reserved 1781
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Figure 4. Comparison of Computationally Generated and Experi-
mentally Determined Tolerance Profiles
(A–G) Computational predictions of amino acid tolerance profiles generated by
either independent simulations on 100 near-native backbones (blue boxplots,
left) or 100 independent simulations on the crystallographic backbone (yellow
boxplots, right) are compared to experimental tolerance profiles (red lines) for1782 Structure 16, 1777–1788, December 10, 2008 ª2008 Elsevier Lsequence space. We note, however, that preferred amino acid
types at some interface positions accounted for significantly
more experimental phage display sequence space than others.
We thus wanted to further test whether we could computation-
ally classify such sequence positions based on whether they
strongly preferred just a few amino acid substitutions.
To accomplish this, we assigned each interface position a tol-
erance value of either high or low based on whether the sum total
by which all its preferred amino acid residue choices exceeded
the 10% frequency threshold was less or greater than 25%
(see also Experimental Procedures). We call high-tolerance in-
terface sites ‘‘plastic,’’ as they are predicted to show an approx-
imately equal experimental tolerance to substitution to a large
number of amino acid residues (see, for example, Figure 4A).
In contrast, we call positions with a lower tolerance ‘‘restricted,’’
as typically only a small subset of preferred amino acid residues
accounted for the majority of experimentally observed se-
quences. Sample tolerance profiles of interface positions labeled
as plastic or restricted are given in Figure 4 (see Figure S2 for the
full data set).
Over the entire data set, the lower-tolerance positions identi-
fied by the flexible backbone protocol favored interface sites ex-
perimentally determined as restricted (brackets in Table 1; red
coloring in Figure 3B) as well as positions previously determined
by alanine scanning to be ‘‘hot’’ or ‘‘warm’’ spots (Cunningham
and Wells, 1991; Sidhu et al., 2000). In contrast, the fixed back-
bone protocol missed identifying five experimentally selected re-
stricted positions (176F, 183R, 179I, 60T, and 45L; see brackets
in Table 1; red coloring in Figure 3C) and incorrectly identifies
more hot and/or warm spots as plastic/high tolerance. Further,
the flexible backbone protocol selected restricted interface posi-
tions and sets of preferred amino acid types that accounted for,
on average, a much larger percentage of the experimentally ob-
served sequences than seen when using the fixed backbone
protocol (29% and 48%, respectively, for the fixed and flexible
protocols).
The percentage of phage display sequences accounted for by
the amino acid types selected as preferred by the flexible proto-
col showed improvements in coverage of the experimental se-
quences over those chosen by the fixed protocol at five interface
positions: 67T, 171D, 178R, 172K, and 48P (compare blue and
yellow bars in Figures 3B and 3C). Despite the improved perfor-
mance of the flexible backbone protocol at several interface po-
sitions, the tolerance profiles predicted by both protocols
matched the experimental data poorly at 4 of the 35 positions
(21H, 22Q, 167R, and 183R; see Figure 3; Table 1). These posi-
tions are discussed further in the following section.
Design on Near-Native Ensembles Improves the Ability
to Qualitatively Recapture Experimental Tolerance
Profiles
We showed above that, for many interface positions, the design
protocols adequately model sequence diversity as well as pref-
erentially identify interface positions with restricted amino acid
preferences. Further, we showed that both of these capabilities
seven interface positions, denoted in the plot title by their sequence position
and native amino acid residue.td All rights reserved
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Prediction of Interface Sequence Diversitymay be enhanced by design on near-native ensembles. To illus-
trate the origins of these observations, in this section we discuss
in detail several representative examples of tolerance profiles
generated by the two protocols at key interface positions.
Figure 4 compares representative tolerance profiles gener-
ated by the flexible (blue boxplots) and fixed backbone (yellow
boxplots) protocols for 7 interface positions (experimental pro-
files, red). Similar trends are seen throughout the data set of 35
interface positions (Figure S2). Whereas the overall shapes of
the tolerance profiles were often qualitatively similar for the flex-
ible and fixed backbone protocols, tolerance profiles generated
using the 100 ensemble backbones generally showed wider var-
iations in the frequencies of amino acid residues selected than
seen for the 100 independent runs on the crystallographic back-
bone. This suggested that some subsets of backbone conforma-
tions favored certain amino acid residue substitutions not toler-
ated by other subsets of backbones (there were four positions
[see, for example, 171D and 178R; Figure 4] for which larger var-
iation, due to the presence of two distinct subdistributions of se-
lected sequences, was also observed for the fixed backbone
protocol; see Supplemental Data for details).
The larger variation in the amino acid preferences observed in
many of the tolerance profiles generated by the ensemble proto-
col directly resulted in the improved ability to distinguish plastic
and restrictive positions and select sets of preferred amino acid
residue types that more closely mimicked the experimental se-
quence preferences. For example, position 174E (Figure 4A) is
correctly labeled as a plastic interface position by both the fixed
and flexible backbone protocols. Note, however, that even
though the two profiles appear qualitatively similar, the flexible
A B
Figure 5. Structural Illustrations of the Possible Consequences of
Backbone Flexibility
(A) Comparison of side-chain placement observed in the minimized crystallo-
graphic hGH-hGHR complex (PDB ID code 1A22, brown) to side-chain place-
ment seen in three ensemble members (yellow, hGHR; blue, hGH) which prefer
an aspartate at position 171. Residues with gray labels belong to hGH; resi-
dues with black labels belong to hGHR. Black and red dotted lines indicate hy-
drogen bonds in PDB ID code 1A22 and the ensemble members, respectively.
(B) Ensemble members that prefer mutation of aspartate to serine at position
171 are compared to a crystallographic structure of an hGH-hGHR complex
with 15 interface mutations, including 171S and 178N (PDB ID code 1KF9,
gray). Hydrogen-bonding interactions (black and red dotted lines for PDB ID
code 1KF9 and the ensemble members, respectively) and side-chain rear-
rangements observed for the ensemble members with the 171D-to-171S sub-
stitution mimic the interactions observed in the experimentally determined
structure.
Note the difference in the conformation in 326D. Modeled subtle backbone
flexibility may enable this change in the 326D rotamer, which favors the
D171S substitution.Structure 16, 1777–17backbone protocol shows some increased signal for at least
two experimentally observed amino acid residue types (F and
W). Likewise, the predicted profiles at positions 67T, 172K,
48P, and 171D clearly show experimental preferences for
a few amino acid residues and are identified as restricted by
both protocols (see Figures 4B and 4D–4F). In every instance,
the flexible backbone protocol predicted the most frequently ex-
perimentally observed amino acid residue type to be preferred,
whereas the fixed backbone protocol did not (see amino acid
types V, R, F, and S in Figures 4B and 4D–4F, respectively). In
contrast, similar amino acid residue types are selected as pre-
ferred by both protocols at position 176F (Figure 4C), but the
overall profile shape appears somewhat flat when predictions
are made on the crystallographic backbone (yellow boxplots).
This results in this position being incorrectly labeled plastic by
the fixed backbone protocol but being correctly identified as re-
stricted when the flexible backbone procedure (blue boxplots) is
used.
Lastly, we show a representative example of one of the four in-
terface positions where both computational protocols poorly
predicted the experimentally observed sequence preferences
(Figure 4G; see also Table 1). At position 167, the native arginine
was highly overrepresented in the sequences chosen by both
design protocols, leading to low signal at all other interface posi-
tions; this resulted in missing the experimental preference for as-
paragine. For positions 183R and 21H there was an incorrect
computational bias for large aromatics (F, Y, H) that resulted in
missing the strong experimental preferences (Figures S2F and
S2O). Position 22Q (Figures S2A and S2B), shown to be highly
plastic and tolerant to amino acid substitutions experimentally,
was incorrectly classified as restricted by both computational
protocols. These prediction errors may be due to simplifications
in our electrostatics model as well as general difficulties in mod-
eling interactions of charged and polar residues in interfaces. We
note that although our computational protocols failed to cor-
rectly predict highly preferred amino acid types at all four posi-
tions discussed above, the experimentally preferred amino
acid residue types favored were nevertheless computationally
predicted to be allowed in each case.
Structural Analysis of Modeled Backbone Changes
As we saw some significant improvements with the flexible
backbone protocol, we investigated the modeled structural
consequences of backbone flexibility at three positions: 171,
67, and 48.
In the first case (Figure 5A), backbone flexibility around the
D171 site appears to enable the formation of an altered polar in-
teraction network around the D171 site. These changed side-
chain interactions may favor replacing the aspartate at position
171 with serine, which is the most frequently observed amino
acid residue at this site by phage display and is included as a pre-
ferred amino acid by the flexible backbone protocol (Figure 4F).
Consistent with our predictions, some of the modeled altered
polar interactions are also observed in a crystal structure of an
hGH variant with 15 point mutations in complex with 2 hGHR
molecules which included the D171S hGH mutation (Protein
Data Bank [PDB] ID code 1KF9; Figure 5B). We should note
that the backrub flexible backbone method used here only
models relatively subtle backbone conformational changes88, December 10, 2008 ª2008 Elsevier Ltd All rights reserved 1783
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Prediction of Interface Sequence DiversityTable 2. Comparison of Computational, Naive, and Perfect Design Libraries
Interface
Position
Amino Acids Selected % Occurrence in Phage Sequences
Native
Perfect
Library
Computational
Library
Naive
Library Native
Native +
Perfect
Native +
Computational
Native +
Naive
67 T V S A I G A V S G D S 17% 93% 85% 36%
171 D S A H S N E Q 14% 57% 49% 27%
176 F Y L M H Y H M L W Y 53% 86% 86% 68%
61 P V S A A G S A G 52% 76% 71% 63%
178 R H Q K T M K Q L K H 61% 89% 68% 83%
183 R A G K T F Y H M K H 33% 85% 35%a 43%
167 R – – K H 5% 5% 5% 9%
172 K R Q M I V A M I R Q A V R H 13% 86% 85% 41%
25 F Y W A Y W R Y W 15% 58% 50% 47%
179 I V Q T M H V K M V L M 12% 79% 59% 52%
21 H G S F Y R K 6% 45% 14% 7%
45 L F M W Y Y M F H I V M 16% 68% 62% 32%
64 R F Y L F K H K H 15% 55% 43% 25%
22 Q V E D H N S N E D 2% 43% 18%a 33%
48 P F V L F Y H G A 6% 51% 33% 17%
42 Y V F K D F H K R F W 9% 42% 33% 21%
Combinatorial library size 6 3 109 6 3 109 9 3 107
Average % occurrence 21% 64% 50% 38%
Sixteen hGH-hGHR interface positions (column 1) and amino acid residue types (column 4) selected for inclusion in the computationally designed li-
brary (see Experimental Procedures) are shown. The native amino acid residue type for each selected position is given in column 2. For comparison,
a perfect library (column 3) with the same number of amino acid residue types as chosen by the computational library and a naive library (column 5) are
also shown. The experimentally observed frequency for the native residue (column 6) as well as the sum of experimental frequencies for all library amino
acid residues (including the native) are shown for each library (columns 7–9). Amino acid residue types are shown for the design library in the order by
which they were selected computationally (column 4), excluding the native amino acid residue type. For position 167, only the native R was selected as
‘‘preferred’’ by both the fixed and flexible protocols. Superscripts for positions 183 and 22 in column 8 indicate that the native amino acid residue type
was not selected as preferred in the computational library. Average percentages of phage display sequences sampled over all 16 positions are indi-
cated below, together with the size of each library.
a Percentage differs from that given in Table 1 due to inclusion of the native amino acid residue type.and may therefore not capture some of the larger structural var-
iations such as those observed in the 1KF9 crystal structure
(Schiffer et al., 2002).
In a second example, the flexible backbone protocol correctly
predicts that valine should be allowed at position 67, whereas
the fixed backbone model misses this tolerated substitution. In
this case, the hydrogen-bonding interaction between 67T and
a backbone nitrogen seen in the PDB ID code 1A22 crystallo-
graphic backbone is frequently lost when modeling subtle
(0.4 A˚ Ca rmsd) backbone flexibility, favoring the experimentally
observed threonine-to-valine substitution (Figure S3A).
In the third case, using the crystallographic structure 1A22, the
substitutions 48Y and 48W are predicted to be stabilizing at the
native 48P site. However, predictions made using the flexible
backbone ensemble favor the observed 48F substitution over
the larger tyrosine and tryptophan mutations. This could be
due to side-chain rearrangements of 49Q and 274Q enabled
by backbone flexibility, resulting in a somewhat smaller pocket
surrounding positions 48 (Figure S3B).
As illustrated in these examples, our results predict modeled
backbone flexibility can have a variety of consequences, includ-
ing alternative side-chain hydrogen-bonding networks as well as1784 Structure 16, 1777–1788, December 10, 2008 ª2008 Elsevier Lincreasing and decreasing the volume at a given interface site.
Similar results showing that backbone flexibility can lead to
both prediction of increased and decreased side-chain flexibility
have also been observed in an application of backrub ensembles
to modeling side-chain flexibility and comparison to side-chain
order parameters determined by NMR (Friedland et al., 2008).
It should be noted that in the case of hGH, we cannot directly as-
sess the accuracy of the flexible backbone predictions in Figures
S3A and S3B, as we lack crystal structures of point mutations.
However, our analysis of the D171S mutation (Figure 5) appears
consistent with structural data, as discussed above. In addition,
we previously validated backrub-generated predictions of point
mutant structures on a data set of more than 2000 cases where
experimental structures of both the wild-type and the variant
were available (Smith and Kortemme, 2008).
Performance of Computationally Selected Amino Acid
Residues in a Design Library
Finally, we evaluated the ability of a hypothetical design library,
consisting of the preferred amino acid residue types at positions
selected as restricted by our flexible backbone protocol, to re-
cover a large percentage of the experimentally observed phagetd All rights reserved
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braries. As a ‘‘lower’’ bound, we considered a naive library, con-
sisting of amino acid residues chemically similar to the native
amino acid (see Experimental Procedures). As an ‘‘upper’’
bound, we considered a ‘‘perfect’’ design library, having the
same number of amino acid residue types at each position as
in the design library but consisting of the amino acid residue
types occurring most frequently in the phage display sequences.
The amino acids selected in each library as well as the sum of the
frequencies of the selected amino acid residue types in the
phage display sequences are given in Table 2.
The library designed by the flexible backbone protocol per-
forms about equal or better than a ‘‘naive’’ library at 13 of the
16 selected interface positions (Figure 6, compare blue bars
with green triangles, and gray bars indicate the frequency of oc-
currence of the native residue). The overall better performance of
our design library suggests that the computational protocol is
able to suggest nonintuitive amino acid substitutions. For in-
stance, our predictions correctly identify the strong experimental
preference for phenylalanine at positions 45L, 64R, and 48P.
Likewise, the frequent observations of serine at position 171D
as well as methionine and glutamine at position 172K are pre-
dicted computationally (Table 2).
Comparison of the flexible backbone library to a perfect se-
quence set (Figure 6, red circles) shows that, for the size of the
library, our algorithm is making near-optimal selections of amino
acids in the majority of cases. Over the 16 interface positions se-
lected, the computationally designed library identified sets of
amino acid residues coming, on average, within approximately
14% of the observed sequence space covered by a perfect li-
brary of the same size. This can be compared to the naive library,
which, on average, only comes to within 26% of the perfect li-
brary. In total, 38%, 50%, and 64% of the observed sequence
space would be covered by the naive, designed, and perfect li-
braries, respectively (see Table 2). Although the design library
did occasionally select amino acid residue types never observed
in the phage display sequences (predominately for the previously
Figure 6. Performance of a Hypothetical Computationally Designed
Library
The percentage of experimentally observed sequences accounted for by the
amino acids selected in a hypothetical computational design library (blue
bars, as in Figure 3B) is compared to a naive (green triangles) and perfect
(red circles) library (see main text). For reference, the frequency of the native
amino acid residue, which is assumed to be included in all libraries, is shown
in gray in barplot form.Structure 16, 1777–178discussed positions 183R and 21H), we note that this may not be
detrimental in actual experimental library selection applications,
as long as other tolerated residue choices are included at the
position in question.
DISCUSSION
We have developed a design strategy that selects sets of se-
quences consistent with an ensemble of backbone conforma-
tions and show that our protocol can (1) distinguish restrictive
positions allowing only a few amino acid choices from highly
plastic positions, (2) predict tolerance profiles for restrictive po-
sitions that qualitatively match experimentally observed se-
quence preferences in many cases, and (3) be applied to design
protein sequence libraries enriched in functional members.
There are two main new aspects of this work. First, we com-
pare our predictions of protein interface sequence plasticity to
experimentally determined sequence profiles obtained under
multiple selective pressures we can mimic computationally. Sec-
ond, we employ a new method to model structural plasticity in
response to sequence changes and binding interactions that is
inspired by coupled side chain-backbone backrub motions ob-
served in high-resolution protein crystal structures (Davis et al.,
2006; Smith and Kortemme, 2008). Although we cannot directly
assess the structural accuracy of the near-native backbone en-
sembles, several lines of evidence suggest that backrub simula-
tions are a useful model to represent local protein motions. Ap-
plying small backrub moves as implemented here has been
shown to improve the prediction of side-chain conformations
in point mutant structures (Smith and Kortemme, 2008) and
side-chain order parameters obtained from NMR measurements
(Friedland et al., 2008). Further, larger-amplitude backrub-type
moves have been shown to be useful for modeling protein loop
motions (Smith and Kortemme, 2008) and obtaining backbone
ensembles consistent with protein dynamics as measured by re-
sidual dipolar coupling (G. Friedland and T.K., unpublished data).
Finally, in contrast to other methodologies used to study protein
conformational flexibility such as molecular dynamics, genera-
tion of backrub ensembles is computationally very efficient and
can be used in iterative backbone sampling and design simula-
tions discussed below.
Our study only uses a single data set for assessment (Pal et al.,
2006), and it would be ideal to have additional protein interfaces
with equally comprehensive experimental characterization. We
would like to note, however, that the applied methodology
does not involve substantial optimization of parameters to the
test system, other than defining the threshold values mentioned
above to guide the sequence tolerance profile analysis. The
scoring function applied here was derived using a large data
set of point mutations in both monomeric proteins (Kortemme
et al., 2003) and protein-protein interfaces (Kortemme and
Baker, 2002; this set did include the hGH-hGHR interface as
one of 19 protein complexes) and applied successfully to recap-
ture native-like sequences in a different data set of 20 multispe-
cific protein complexes (Humphris and Kortemme, 2007). The
backbone sampling method was parameterized independently
(Smith and Kortemme, 2008) and not altered here. We also
tested the robustness of our method to filtering of backbones
and variation in thresholds (see Supplemental Data).8, December 10, 2008 ª2008 Elsevier Ltd All rights reserved 1785
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is that it assumes independence of interface positions for com-
piling amino acid tolerance profiles. Although we find good
agreement with experimental data, this may be specific for this
data set, as the experimental study set out to avoid effects of co-
variation as much as possible by choosing positions screened in
each experimental library that were spatially separated in the in-
terface. This is supported by the fact that we obtained similar re-
sults when designing one interface position at a time (while re-
packing a surrounding shell of 4 A˚) and computing tolerance
profiles from Boltzmann-weighted scores over the backbone en-
semble (data not shown). Independence of several positions in
the hGH-hGHR interface is further confirmed by a double mu-
tant-cycle analysis (Pal et al., 2005). In such cases of minimal co-
variation between positions, experimental selections targeting
independent sites may be the most time-efficient approach if
the main goal is to optimize interface affinity. Nevertheless, close
agreement with extensive experimental data sets on tolerated
sequence space for a protein interface, as shown here, is an im-
portant benchmark for assessing advances in computational de-
sign protocols.
Our method contains a number of other simplifications in the
selection of preferred amino acids by compiling the amino acids
from just the top 25% of the predictions at each site. We note
here that we could not prespecify subsets of backbones by ex-
amining either the starting score of the ensemble backbones
with the native sequence or the final score of the backbones
with the accepted modeled sequence, but instead needed to
rely on the difference between these two scores. This occurred
for two reasons. First, the ensemble backbones were generated
with the native amino acid residues at every position in the inter-
face. As we wished to provide opportunities for the ensemble to
include backbones optimal for substitution with amino acid
types considerably larger (or smaller) than native, some back-
bones with poor initial scores with respect to the native starting
sequence were included in the ensemble. Second, the backrub
procedure used to generate each member in the ensemble
was global, allowing all residues within the hGH-hGHR complex
to move, and likewise the Rosetta scoring function was used to
calculate a global score over all atoms in the hGH-hGHR com-
plex. Thus, an amino acid substitution could score better locally
on a given ensemble backbone than on the starting crystallo-
graphic backbone, but the global score improvement from the
substitution might not be sufficient to offset score changes due
to backbone movement distant from the interface position of in-
terest. Both problems could be addressed by a protocol allowing
local and independent optimization of the hGH-hGHR interface
backbone following all appropriate amino acid substitutions.
As this would be impractical for the number of sequences exam-
ined in this work, we instead relied on examining the frequencies
with which each (pregenerated) backbone accepted each con-
sidered amino acid substitution.
Although our current work suggests that simulations on back-
bone ensembles aid in capturing the experimentally observed
sequence diversity in the hGH-hGHR interface, further develop-
ments may be needed in cases with substantial conformational
coupling between backbone and side-chain motions. Some im-
portant structural changes may only result from iteratively sam-
pling backbone and side-chain sequence moves rather than pre-1786 Structure 16, 1777–1788, December 10, 2008 ª2008 Elseviergenerating backbone ensembles as mentioned above. For more
general design tasks, such as estimating the sequence diversity
of interacting residues in a tightly packed protein core, simula-
tions may moreover be complicated by the presence of a rugged
energy landscape with several local minima where covariation
cannot be ignored. Therefore, our methodology may need to
be extended to directly compute correlated changes in the de-
signed sequences (Kuhlman and Baker, 2000). Work on predict-
ing structural effects of single point mutations supports the idea
that such coupled changes can aid in the prediction of structural
effects of sequence changes (Smith and Kortemme, 2008).
The ability to distinguish restrictive from highly plastic positions
is important for several reasons. First, in a biological context,
thesepredictions indicate whichpositionsmaybesensitive tomu-
tations and which ones are not (Wollacott and Desjarlais, 2001).
Second, a comparison of predicted plastic and yet evolutionarily
invariant positions may provide testable hypotheses for identify-
ing amino acid residues that are conserved for reasons other
than selection criteria modeled in the design process (structural
stability and binding affinity). These may include determinants of
specificity where any amino acid residue would be allowed in
the given interface but a specific residue may be necessary either
for mediating binding with secondary partners (Humphris and
Kortemme, 2007) or selected for to minimize unwanted crosstalk
with another undesired partner. Third, this information may be
useful for engineering specificity determinants to form preferred
and avoid undesired interactions within a set of possible partners
(Harbury et al., 1998; Wollacott and Desjarlais, 2001; Havranek
and Harbury, 2003; Kortemme et al., 2004). Finally, similar
methods may also be useful to engineer enzyme active sites plas-
tic enough to accommodate a variety of substrates; this substrate
promiscuity may be an intrinsic property of naturally occurring en-
zymes and may confer evolvability (Aharoni et al., 2005).
Perhaps the broadest use of our described method is the de-
sign of sequence libraries enriched in functional members
(Hayes et al., 2002; Treynor et al., 2007). This may be especially
crucial for difficult engineering tasks where design methods are
likely not accurate enough to predict a single functional se-
quence with high confidence. Here, combining computational
design libraries with experimental screens may substantially in-
crease the success rate over both testing individual sequences
and unbiased screens (Treynor et al., 2007). In addition, the abil-
ity to select protein sequences for multiple criteria, such as fold
stability combined with selectivity or multispecificity toward sev-
eral partners (Humphris and Kortemme, 2007), could provide
distinct advantages in applications where the goal is to generate
designed proteins with several specified functional properties.
Whereas some properties, such as flexibility or interaction on
and off rates, are difficult to include directly (and accurately)
into design fitness functions, designing a set of sequences and
screening for desired behaviors may yield a family of protein
parts with a range of specifications needed for engineering and
synthetic biology applications.
EXPERIMENTAL PROCEDURES
Source of Experimental Tolerance Profiles
Experimental data on comprehensive sequence mapping of the interface of
human growth hormone (hGH) with its receptor (hGHR) were taken asLtd All rights reserved
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quence combinations of 20 amino acids, the 35 tested interface positions
were experimentally screened in groups of 5 or 6 residues by using six sepa-
rate phage display libraries each consisting of approximately 1010 unique
members. The six residue groups, chosen in Pal et al. (2006) to maximize
the distance between individual interface positions as well as include no
more than one known hot spot residue position per group, were as follows:
(1) 14M, 28Y, 47N, 61P, 171D, 179I
(2) 18H, 42Y, 62S, 65E, 164Y, 175T
(3) 21H, 29N, 45L, 60T, 67T, 178R
(4) 22Q, 43S, 66E, 167R, 176F, 183R
(5) 26D, 44F, 48P, 64R, 168K, 174E
(6) 25F, 41K, 46Q, 63N, 172K.
Preparation of Structures
Starting atomic coordinates for all simulations were taken from PDB ID code
1A22 (1:1 hGH-hGHR complex), which was stripped of all water molecules
and prepared for design by an initial round of side-chain minimization and op-
timization of hydrogens as previously described (Humphris and Kortemme,
2007).
Generation of Backbone Ensembles
All calculations were performed with the Rosetta full-atom scoring function,
which is dominated by attractive and repulsive Lennard-Jones interactions,
an orientation-dependent hydrogen-bonding term (Kortemme et al., 2003),
and an implicit solvation model (Lazaridis and Karplus, 1999). In order to
take into account sequence diversity which might require small backbone ad-
justments, an ensemble of ‘‘near-native’’ backbone conformations was gener-
ated from the minimized hGH-hGHR complex crystal structure by taking the
lowest-energy structures from 100 independent Monte Carlo runs using
a new flexible backbone procedure termed ‘‘backrub’’ (Davis et al., 2006;
Smith and Kortemme, 2008). A backrub move consists of rotating a peptide
segment up to 40 around an axis defined by the Ca atoms of two residues
separated by 1–10 intervening residues and subsequently optimizing the posi-
tions of the Cb and Ha atoms (branching off the pivot Ca atoms) according to
the CHARMM bond-angle potential as described in Smith and Kortemme
(2008). Backrub simulations were performed over all positions in both chains
of the hGH-hGHR complex by repeatedly choosing random backrub begin-
ning and endpoints and a rotation angle for a total of 10,000 moves, interleaved
with side-chain rotamer moves in the backrub regions. The resulting confor-
mations of the 100-member ensemble had an rmsd to the native structure of
PDB ID code 1A22 of less than 0.4 A˚.
Calculation of Ensemble B Factors
Gromacs v3.3.2 (http://www.gromacs.org/) was used to calculate the average
B factors (the root-mean-square fluctuation; rmsf) for each Ca atom in the 100-
member hGH-hGHR ensemble by using the function g_rmsf.
Generation of Tolerance Profiles
Tolerance profiles for all 35 experimentally scanned positions of the hGH-
hGHR interface were estimated from computational design simulations imple-
mented in the program Rosetta. As described above, we performed design
simulations on six independent groups (with a theoretical maximum of 106–
107 sequence combinations per run), each of which allowed 5 or 6 interface
positions (‘‘designed positions’’) to vary among 19 amino acids (cysteine
was excluded from all designs). During each design run, a genetic algorithm
(Humphris and Kortemme, 2007) was used to propagate an initially random
population of 2000 sequences for 5 generations for 100 independent simula-
tions, scanning a total of 106 sequences. Runs with up to 30 generations
gave essentially identical results (see also Supplemental Data). This conver-
gence is most likely explained by the fact that the experimentally screened
groups were selected to contain positions spatially separated in the interface,
reducing potential covariation.
For each sequence selected by the genetic algorithm (including the native),
Monte Carlo-simulated annealing was used to minimize the Rosetta full-en-
ergy function over the entire protein complex and find optimal rotameric con-Structure 16, 1777–178formations (chosen from the Dunbrack rotamer library; Dunbrack, 2002) ex-
panded around the chi1 and chi2 angles) of the selected sequence. All
residues with a side-chain atom within 4 A˚ of a designed residue were allowed
to change their rotameric conformation (‘‘repacked positions’’) while all other
backbone and side-chain positions not considered for design or repacking
were kept fixed. After optimized rotameric conformations were determined,
each sequence was scored over the entire hGH-hGHR complex. The scoring
function takes into account only interaction terms given by attractive and
repulsive Lennard-Jones interactions, solvation, hydrogen bonding, and pair
energy terms, as described previously (Humphris and Kortemme, 2007). The
interchain score across the interface (all pairwise scoresi,j, where atom i is
found on hGH and atom j on hGHR) was used as an estimate for binding.
The ‘‘binding’’ score was then subtracted from the complex score and the re-
sult was used as an estimate for ‘‘folding’’ (here the assumption is made that
the score of hGHR for which the sequence is not changing is approximately
constant). Sequence combinations with an interchain hGH-hGHR score within
1% of the binding score calculated for the native (starting) sequence and with
an intrachain hGH score within 1% of the folding score calculated for the native
sequence were saved.
On average 150–5000 sequences, dependent on the particular backbone
used as well as the group of designed interface positions, passed both the
binding and folding thresholds and were used for inclusion in the computa-
tional tolerance profiles. Profiles from all near-native backbones were com-
bined into a final computational prediction of tolerance at each interface posi-
tion by plotting the median (as well as the first and third quartile) frequency of
occurrence of each amino acid residue (excluding cysteine) observed in each
of the independent backbone runs. In order to estimate the variation in se-
quences selected in different runs on the same backbone, profiles for 100 in-
dependent simulations on the crystallographic backbone were also computed.
Selection of Allowed and Preferred Amino Acid Types
For all computational predictions, selection of allowed and preferred amino
acid residue types were made using the third quartile (X.75) value from the box-
plots of tolerance profiles generated from either the 100-member ensemble or
from 100 independent runs on the fixed, crystallographic backbone. At each
interface position, an amino acid type was considered to be allowed and/or pre-
ferred if it occurred in the experimental phage display sequences (pi) or compu-
tational predictions (X.75) with a frequency of >1% orR10%, respectively.
Classification of Plastic and Restricted Interface Positions
In order to discriminate interface positions having one or more amino acid res-
idue types marginally exceeding the 10% preferred threshold from other inter-
face positions displaying moderate and/or strong selection for preferred amino
acid residues, we devised the following metric. (Entropies were not used as di-
rect comparison, as the experimental assays and computational predictions
allowed differing numbers of amino acids to be sampled at each position;
note cysteine was not computationally allowed.) At every interface position,
the amount by which each preferred amino acid type exceeded the 10%
threshold was summed. If this value was <25, the interface position was la-
beled as having a high overall tolerance; otherwise a position was classified
as being restricted. This process was implemented both for the sets of pre-
ferred amino acid residue types taken from the experimental phage display
data as well as for the sets computationally predicted by the fixed and flexible
backbone protocols.
Generation of a Computationally Designed Library
At each interface position computationally predicted to be restricted (have low
tolerance to substitution) by the flexible backbone protocol, all amino acid res-
idues identified as preferred were selected. Whereas amino acids with strong
biases in tolerance profiles could be selected for inclusion in a computational
library by visual inspection (or setting the preferred threshold to a value differ-
ing from 10%), this process served to automate the predictions.
Selection of a Naive Library
For each interface position, a naive library was created by including all similar
amino acid residue types in groups as defined below:
(1) [D,E,N,Q], (2) [R,K,H], (3) [L,I,V,M], (4) [F,Y,W], (5) [P,A,G], (6) [S,T].8, December 10, 2008 ª2008 Elsevier Ltd All rights reserved 1787
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